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In the early 1990s Delta Air Lines was faced with a changing pool from which to recruit its pilots,
as well as a change in the technology and management of the cockpit. Delta committed to
developing a new selection process. After analyzing the results from over a dozen potential tests,
three were chosen: CogScreen, the NEO PR-I, and a custom developed Job Knowledge Test.
Initial analysis indicated the measures were highly predictive of performance in the cockpit and in
training. The cohort of 339 pilots used to validate the selection process has now been followed for
12 years to examine long-term predictive validity. We also present a cross validation of selection
measures with a sample of pilots hired in 2007. This study confirms the initial components of the
model and indicates that experience and education prior to hire can add significantly to the
predictive power of the initial selection model.

In the early 1990’s Delta Air Lines developed a new process for the selection and hiring of their pilots. This
effort was motivated by several factors, including changes in the pool of available candidates, the move to more
highly automated cockpits, and the need for new objective, job-related criteria. Delta was also very interested in
finding an effective and efficient set of measures that would minimize the cost and time to screen applicants, while
supporting selection of the best candidates.
Guided by an extensive job analysis, reviews of relevant literature, and observations of other global airlines’
selection processes, a battery of tests was constructed. These tests tapped four major areas of cognition,
knowledge, and ability:
 Standardized Aptitude and Ability Tests: including verbal and numerical ability, spatial ability, mechanical
ability, reasoning, non-verbal aptitude
 Cognitive Processing (CogScreen): a computer administered test series designed to measure “the
underlying perceptual, cognitive, and information processing abilities associated with flying.” (Kay,
1995).
 Personality (NEO PI-R): The Big Five personality factors (Costa and McRae, 1992)
 Job Knowledge Test (JKT): a proprietary test based on a thorough job analysis of the particular demands
and activities required of Delta pilots.
In addition to the tests, the selection process included an interview conducted by trained Delta interviewers that
assessed behaviors and experience reflecting areas of performance not easily measured by tests. A successful
interview outcome is also required for a candidate to be extended a conditional job offer. This paper will focus only
on the tests. Future publications will address the interview, which is still in use today, in more detail.

Development of Select-in and Select-out Models
In late 1996 and early 1997, the full battery of tests was administered to a random sample of 200 current Delta
pilots hired between 1987 and 1991 (’87 cohort), 50 recreational pilots, (Rec pilots) and over 600 Delta applicants,
of whom 339 were subsequently hired (’96 cohort). The job of commercial airplane pilot is a complex and
demanding one in which a constellation of knowledge, skills, ability, and traits is required. In developing the hiring
process, two models for pilot selection were pursued, a Select-out Model and a Select-in Model. The Select-out
Model is directed at finding parameters that distinguish those candidates who are not likely to fulfill the basic
requirements expected of a Delta pilot. The Select-in Model is directed at discriminating low performing Delta
pilots from the population of successful Delta pilots. Pilot candidates must pass both models in order to be hired.

Select-out Model. The Select-out Model compared test scores of Rec pilots to the ’87 cohort in an effort to
differentiate amateur pilots from professionals. A variety of statistical techniques were tried, including multiple
regression, factor analysis, cluster analysis, and discriminant function analysis without definitive results. We then
undertook a proportionate reduction of error study to identify true positives (Delta pilot scoring above the cut score)
and true negatives (Rec pilot scoring below the cut score) on each subtest of the tests included on the battery.
Passing scores were set by rank ordering scores and picking a point where those above the passing score included
the most Delta pilots and the fewest Rec pilots, while those below the passing score had the most Rec pilots and the
fewest Delta pilots.
This process resulted in a reduced set of test measures from the NEO, the CogScreen, and the JKT. The NEO
contributed scores from two of the personality measures (Conscientiousness and Neuroticism), the CogScreen
contributed scores from seven measures related to accuracy (Math, Symbol Digit Coding, SDC Immediate Recall,
SDC Delayed Recall, Shifting Attention Instruction, Pathfinder Combined, Visual Sequence Comparison, and
Pathfinder Letter); the JKT contributed a score from each of three subtests, Engineering, Navigation, Aerodynamics,
and a separate contribution for the JKT total score. A regression equation was run on these measures that yielded
weighted coefficients significant at the .05 level or better.
Because the model is made up of multiple components, it is possible for a very high score on one measure to
compensate for a huge deficit in another area. For instance, pilots who score well on job knowledge may need to
draw less on multi-tasking ability and speed of processing, because they have ready access to the knowledge they
require to do the task at hand. Pilots with a personality profile that allows them to easily draw on the resources of
their co-pilots may compensate for a lower score on cognitive processing or job knowledge. Because of the
mathematics of the equation, two decision rules were incorporated into the Select-out Model: (1) pilot candidates
had to pass at least nine of the 13 measures at or above the 20th percentile of Delta pilot scores; (2) these nine
measures had to include at least one JKT measure and at least five CogScreen measures.
Select-in Model. Developing a Select-in Model presented different challenges. We examined performance in
the cockpit as well as performance in training for the ’87 cohort. Cockpit performance was measured in flight by
Line Check Airmen for 115 of the 200 pilots in the cohort using an evaluation instrument specially developed for
Delta (see Hoffmann, 1998). The efficacy of the tests in predicting cockpit performance was presented in
workshops at the 1997 and 1999 ISAP meetings and in 1998 at a NATO conference on Collaborative Crew
Performance in Complex Operational Systems. While cockpit performance and training measures were highly
correlated with test data, valid cut scores could not be determined from this cohort. As a consequence, the Select-in
Model was developed using data from the ’96 pilot cohort. We suspect that pilots from the ’87 cohort, being far
removed from their hire dates and not under the same pressure in the testing situation as new applicants; may not
have had the same level of motivation undergirding their test performance.
The entire test battery was administered to 600 applicants, of whom 339 were hired in the ’96 cohort. Since a
cut score was not established on the ’87 cohort data, an interim procedure was adopted. Based on a comparison of
test performance in the’96 and ’87 cohorts, three groups were identified: a clear hire group, a clear rejection group,
and a borderline group. Decisions on borderline candidates were made on a case by case, qualitative basis. A
successful interview was also required for the candidate to be extended a conditional job offer.
New hire training data was collected on the ’96 cohort and used as the criterion measure for determining the
Select-in Model. Again, the NEO PI-R, the CogScreen and the JKT contributed significant elements, although the
particular subtests varied somewhat from the Select-out Model. For the NEO, the significant factor was Openness.
For the CogScreen, the significant subtests were SDC Throughput, Manikin Accuracy, Divided Attention Premature
Hits, Shifting Attention Discovery Accuracy, and Pathfinder Number Throughput. For the JKT, the significant
subtest was Engineering. Weighting coefficients for these subtests were determined by regression.

Study Purpose
Our initial studies were of necessity short term or cross sectional, and could not address long term outcomes.
Using selection criteria to predict long term job performance is of great value in a commercial airline setting since

pilots generally stay with the company for 25-30 years. We are now able to report on 12 years of data tracking the
‘96 cohort through a substantial portion of their career development with Delta, allowing us to evaluate the power of
the selection criteria to predict pilot performance over time. In addition to testing long term predictive validity, we
also had an opportunity to cross validate the continued efficacy of the selection procedures with 264 pilots hired in
2007, a decade after the initial implementation of these procedures. The pass rate on the interview and tests for the
2007 period of hiring was approximately two candidates out of three.

Procedures
For the long term validation study, we followed the ’96 cohort from their new hire training through 2008,
tracking training episodes and productivity data over 12 years. Data were collected on the number of times pilots
had a problem in any scored segment of training (indoc, initial, recurrent, transition, upgrade and requalification
were all considered and each is made up of multiple segments). The complete set of data was available for 330 of
the 339 pilots in the’96 cohort. A problem in training was defined as a recorded score of “incomplete,” “not
recommended” or “unsatisfactory” on a training segment. It should be noted that such scores do not mean a pilot is
immediately disqualified. Instead, the initial follow-up steps are remedial review, re-training, and retesting. Given
the significant resources devoted to pilot training, however, such follow-up can be quite costly for the airline. Since
the pilots had different numbers of training experiences depending on their career progression and opportunities, a
training problem rate was also computed. Lost productivity data, measured by the number of scheduled rotation
hours per pilot that were not flown, were also collected for each pilot over each of the years since hire.
For the cross validation study with the ’07 cohort, test scores and interview data were collected, as well as the
cohort’s new hire training performance measures. In addition, biographical data were collected and hand coded
from the applications of the ’96 cohort and the ’07 cohort.

Analysis and Results
To examine long-term predictive validity, the selection tests and background measures were correlated with
training problems collected over the 12 years that elapsed from the time of hire. Regression models were produced,
using the original components of the Select-in and Select-out models as predictors of training problems. Both
models were found to predict performance in training (R-square=0.058). The sample was then divided into quintiles
based on each pilot’s predicted training performance. In order to compare across careers that may have caused
individual pilots to have more or fewer training episodes, a problem rate was calculated. The rate was calculated per
thousand training episodes, since each quintile represents a collection of over 4000 training scored episodes. Table
1 shows the mean number of actual training problems over 12 years and the training problem rate over 12 years. As
each group’s predicted performance level decreases, training problems increase, with the quintile with the lowest
predicted performance demonstrating the highest level of training problems.
Table 1.
Actual training outcomes by predicted performance group based on test performance, ’96 cohort
Predicted Performance
Category

Average training problems
per pilot, 1996-2008

Problem rate per 1000 training
episodes 1996-2007

1 Highest performers (N=66)

.17

3

2

(N=66)

.20

3

3

(N=66)

.35

5

4

(N=66)

.41

8

5 Lowest performers (N=66)

.52

9

The predictive model developed from the test scores of the’96 cohort was applied to the ’07 cohort. Five
groups of predicted performance were again defined using the same boundaries established on the ’96 cohort,

creating groups that were more equivalent in predicted performance, but not necessarily equivalent in number.
Table 2 shows the mean number of training problems and the problem rate for the ’07 cohort in new hire training.
Table 2.
Actual new hire training outcomes by predicted performance group based on test performance, ’07 cohort
Predicted Performance
Category

Average problems per pilot,
new hire training, 2007

Problem rate, new hire
training, 2007

1 Highest performers (N=93)

.07

7

2

(N=53)

.09

8

3

(N=57)

.07

6

4

(N=45)

.11

10

5 Lowest performers (N=30)

.10

9

While the trend of these results is in the desired direction, the effects are not as strong as we would like. This
outcome is impacted by multiple factors. First, the N in the lowest predicted performance group has been reduced in
comparison to the ’96 cohort. This is due in part to the fact that at the time of selection in 1996, the Select-in Model
had not yet been set so some candidates were hired who would have been eliminated by this measure. Additionally,
by 2007 a significant amount of content of the JKT had been leaked to candidates, greatly reducing the range and
validity of those scores. This problem has since been remedied, fortifying the test against future compromise.
Finally, in the decade that passed between our two study cohorts, the characteristics of the pool of available aviator
applicants had changed somewhat, perhaps diminishing some of the predictive power of the original model.
In order to explore whether it was possible to enhance the predictive power of the model, background
characteristics were collected from the pilot applications and evaluated for potential incorporation into the model.
Regression equations were run that combined aspects of education and work history with the original Select-in
variables and Select-out variables. The additions strengthened the model’s power for both the ’96 and the ’07 cohort
(R-square=0.21). Table 3 and Table 4 show the new model’s training problem predictions for each cohort.
Table 3.
Actual training outcomes by predicted performance group based on new combined model, ’96 cohort
Predicted Performance
Category

Average training problems
per pilot, 1996-2008

Problem rate per 1000 training
episodes, 1996-2008

1 Highest performers (N=66)

.12

2

2

(N=66)

.11

2

3

(N=66)

.23

3

4

(N=66)

.45

7

5 Lowest performers (N=66)

.73

14

Table 4 shows the results of the new model applied to the ’07 cohort, again using the group boundaries
established on the ’96 cohort.

Table 4.
Actual new hire training outcomes by predicted performance group based on new model, ’07 cohort
Predicted Performance
Category

Average problem per pilot,
new hire training, 2007

Problem rate, new hire
training, 2007

1 Highest performers (N=122)

.07

6

2

(N= 63)

.11

11

3

(N= 43)

.07

6

4

(N= 33)

.09

8

5 Lowest performers

(N= 17)

.18

17

Results again demonstrate notably higher training problem rates in the groups predicted to be lower performers,
providing cross validity evidence for the new model derived from the training experiences combined with
background information of the 1996-97 sample. In addition, the new model can be used to predict loss of
productivity, as measured by scheduled rotation hours not flown due to sick leave usage. Using the same predicted
performance quintiles from the ’96 cohort, Table 5 shows the lost productivity hours for each group.
Table 5.
Average lost productivity hours, 1996-2008, by predicted performance group based on new model, ’96 cohort
Predicted Performance
Category

Average lost productivity hours,
1996-2008

1 Highest performers (N=66)

195

2

(N=66)

232

3

(N=66)

227

4

(N=66)

223

5 Lowest performers

(N=66)

243

Discussion
This research demonstrates several valuable findings, particularly since it is one of very few studies of pilots at
a large commercial airline. The criterion measure in the longitudinal study was based on multiple training
evaluations over a twelve year period. Our predictive models were built using subtests from the NEO PI-R, the
CogScreen, and a proprietary Job Knowledge Test. Other research has also found the NEO (Campbell 2010a,
Campbell 2010b), and the CogScreen (King 1995, Taylor 2000) to be useful in assessments of pilots. Martinussen
(1998) conducted a meta-analysis which found the best predictors of pilot performance to be instrument
comprehension, mechanical principles, and aviation information. Similar content areas are reflected in the Job
Knowledge Test that was built on a thorough analysis of the job of Delta pilots. The research reported here has
confirmed that measures of the three major selection components can be used to predict those most likely to succeed
at a large commercial air line and that the addition of education and background indicators enhances the predictive
power of this model.
At Delta, this combination of factors appears to predict pilot success over more than a decade. In addition to
long-term predictive validity, the data shows efficacy in identifying low performers in another cohort of pilots with
somewhat different characteristics from the ’96 cohort on which the model was built. Those hired in 2007 had much
more experience in regional jets and less military experience. As a group they had more total and pilot-in-command
hours, but went to less highly ranked colleges and universities. Their profiles on the NEO PR-I were also different,
with lower scores on the Conscientiousness, Agreeableness and Extraversion Scales and higher scores on the
Neuroticism scale. Finally, their CogScreen profiles indicated that they appeared to focus more on accuracy at the
expense of throughput, a combination of speed and accuracy.

The fact that the predictive power of the original model was somewhat less powerful with the 2007 cohort
illustrates several issues. Unlike the ’96 cohort, the 2007 cohort was selected on the basis of both the Select-out and
Select-in Models. As Hunter and Burke (1994) make clear, this process results in a restriction of range for the
cohort, which is positive for choosing a higher proportion of good pilots, but results in observed validities that are
likely to underestimate of real values. The efficacy of an enhanced model with the addition of background variables
indicates the need for awareness that any selection model will require monitoring and adjustment over time to ensure
sensitivity to changing characteristics of candidate pools and changing workplace conditions.
It should be kept in mind that the predictors in this study are sensitive to the job of pilot as designated by this
employer’s work and cockpit environment, philosophy, training programs and standards. Delta views the job of
pilot as a decision-making position, requiring their pilots to actively engage in the management of their aircraft. The
components of the predictive models and their parameters may vary from company to company. Variations may
also be expected based on the populations that apply to each airline.
Finally, it is clear that effective selection processes can have a significant impact on operational costs by:
1. Making the selection process more efficient by (a) pre-screening that identifies those most likely to meet
selection criteria and (b) focusing the selection process on the best predictors of performance on the job.
2. Reducing training costs for both initial and subsequent training.
3. Reducing the costs associated with lost productivity hours.
4. Hiring pilots that are more committed to their craft and performance of their job.
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